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Knowledge Elicitation &
Geopolitical Reasoning
Under Extreme Uncertainty
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Part I

• Introduction

• Methodological Motivation: No Data

• Dimensions of Reasoning

• The Rationale for Bayesian Networks

• Introductory Example

• Where is my bag?

• Coffee Break

Today’s Agenda

60 min.
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Part II: Case Study & Knowledge Elicitation Exercise

• Background for Case Study

• Territorial Disputes in the South China Sea

• Chinese Naval Base on Hainan Island

• Submarine Communication Limitations

• Case Study

• Missing U.S. Submarine

• The Bayesia Expert Knowledge Elicitation Environment (BEKEE)

• Knowledge Elicitation Exercise

• Decision Optimization

Today’s Agenda

120 min.
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Disambiguation

BayesiaLab.com

Our Company Our Product

The Paradigm
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Co-founded in 2001
by Dr. Lionel Jouffe &
Dr. Paul Munteanu

BayesiaLab.com



6BayesiaLab.com



7

Teaching Edition

Academic Edition

BayesiaLab 
Professional

BayesiaLab
WebSimulator

Bayesia Expert 
Knowledge Elicitation 

Environment
(BEKEE)

Bayesia Engine API 
for Network Learning

Bayesia Engine API 
for Modeling and 

Inference

Code Export ModuleBayesia Market 
Simulator

Web
Application

Desktop
Software

API

BayesiaLab.com
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Slides and networks will be available

BayesiaLab.com
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A Practical Introduction for Researchers

• Free download:
www.bayesia.com/book

• Hardcopy available on Amazon:
http://amzn.com/0996533303 

Bayesian Networks & BayesiaLab

20,000
Downloads
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Credly

Seminar Credits

stefan.conrady@bayesia.us
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Please check in!

Seminar Credits

BayesiaLab.com
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Anytime !
Q&A



Motivation
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“In God we trust, all others 
must bring data.” *

*attribution disputed

No Data?

BayesiaLab.com

W. Edwards Deming
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But we only have observational data

stefan.conrady@bayesia.us

But what if we don’t 
have any data…
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“Without data, you’re just 
another person with an 
opinion.” 

No Data?

BayesiaLab.com

W. Edwards Deming
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…just another opinion*

BayesiaLab.com
*This is as good as it gets.
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• In this day and age of “Big Data,” we may be 
led to believe that facts can only be 
established from data, especially in the 
context of a scientific inquiry. This is a 
misconception. 

• Even without data, humans do often possess 
useful knowledge, qualitative or quantitative, 
tacit or explicit, about many aspects of the 
world. 

Just Another Opinion or Domain Knowledge?

BayesiaLab.com
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But we only have observational data

stefan.conrady@bayesia.us

How can we be 
“scientific” with 
opinions?



A Map of Analytic Modeling & Reasoning

Dimensions of Reasoning



23BayesiaLab.com

Aristotle (384-322 BC)

Deductive Logic
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Limitations of Logic

“Classical logic has no explicit mechanism for 

representing the degree of certainty of premises in an 

argument, nor the degree of certainty in a conclusion, 

given those premises.”
J. Williamson, Handbook of the Logic of Argument and Inference: 

The Turn Toward the Practical

Deductive Logic
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Inductive vs. Deductive Logic

Strength of ArgumentStrength of Argument

Formal Deductive Logic

Weak                                                                              Strong

z
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Bayes’ Theorem for Conditional Probabilities

2000 Years Later…

BayesiaLab.com

H: Hypothesis

E: Evidence

P(H | E) =
P(E)

P(E | H)P(H)

“Probability of 
H given E”

1763
PHILOSOPHICAL
TRANSACTIONS
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Mathematical Formulation of Probabilistic Reasoning

“Bayesian inference is important because it provides a 

normative and general-purpose procedure for reasoning 

under uncertainty.”
Inductive Reasoning: Experimental, Developmental, and 
Computational Approaches, edited by Aidan Feeney and Evan Heit

Probabilistic Reasoning
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Human Cognitive Limitations and Biases Under Uncertainty

Why is this so important?

Human Reasoning ≈ Normative ReasoningHuman Reasoning ≈ Normative Reasoning

Human Reasoning ≠ Normative ReasoningHuman Reasoning ≠ Normative ReasoningFallacies
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• “…despite the mathematization of 
probability in the Enlightenment, 
mathematical probability 
theory remains, to this very day, 
entirely unused in criminal 
courtrooms, when evaluating the 
‘probability’ of the guilt of a 
suspected criminal.”
James Franklin, The Science of Conjecture: 
Evidence and Probability before Pascal, 
2001 The Johns Hopkins Press

250 Years Later…

BayesiaLab.com
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CIA
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“Due to the highly mathematical nature of Bayesian 

Decision Analysis, many users will feel uneasy trusting the 

resulting assessments.”

Captain David Lawrence Graves, USAF, Bayesian Analysis Methods for Threat 
Prediction, MSSI Thesis (Washington: Defense Intelligence College, July 1993)

Bayesian Inference in Practice?
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That’s our first dimension!

Dimensions of Reasoning

z
Bayes’ Rule Applies

Lo
gi

c A
pp

lie
s
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Dimensions of Reasoning

BayesiaLab.com

x
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Dimensions of 
Reasoning

BayesiaLab.com

y
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The End of Theory?
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Dimensions of Reasoning

BayesiaLab.com

y

x

Machine Learning 
& AI
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Dimensions of Reasoning

BayesiaLab.com

y

x

Machine Learning 
& AI

Reasoning:
Why? How? What to do?

Who is responsible?
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Dimensions of Reasoning

BayesiaLab.com

Reasoning:
Why? How? What to do?

Who is responsible?

y

x
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Dimensions of Reasoning

BayesiaLab.com

y=f(see(x))
“given that I see”

y=f(do(x))
“given that I do”

y

x
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The fallacy of

data-driven decisions.
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Dimensions of Reasoning

BayesiaLab.com

Reasoning:
Why? How? What to do?

Who is responsible?

+ Domain Knowledge

y

x



42BayesiaLab.com



43BayesiaLab.com

Reasoning:
Why? How? What to do?

Who is responsible?

+ Domain Knowledge

y

x
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Dimensions of Reasoning

BayesiaLab.com
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The New Paradigm: Bayesian Networks

BayesiaLab.com



The New Paradigm: Bayesian Networks
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Key Properties

• Compact Representation of the Joint Probability Distribution

• No distinction between dependent and independent 
variables

• Omni-directional Bayesian inference

• Nonparametric

• Probabilistic

• Causal

• Intuitive

• Scalable

The New Paradigm: Bayesian Networks
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Compare to algebraic formula:
Representation of one variable of the joint probability distribution, i.e. y=f(x) 

Key Properties of Bayesian Networks

• Representation (or approximation) of the joint probability distribution of all variables.

• No distinction between dependent and independent variables.

• Numerical and categorical variables are treated identically.

• Nonparametric.

The New Paradigm: Bayesian Networks

BayesiaLab.com

Dependent

IndependentIndependent
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Compare to “uni-directional” algebraic formula and human intuition 

Key Properties of Bayesian Networks

• Omni-directional Inference, i.e. evaluation is always performed in all directions.

The New Paradigm: Bayesian Networks

BayesiaLab.com
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Omni-Directional
Inference

Bayesian Networks for Risk Management
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Omni-Directional
Inference

Bayesian Networks for Risk Management
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Key Properties of Bayesian Networks

• Bayesian networks are inherently probabilistic.

• Evidence and inference are represented by distributions.

• Inference can be performed with partial evidence.

The New Paradigm: Bayesian Networks

BayesiaLab.com

Compare to algebraic formula Deterministic Point 
Estimate

Single Value 
Input

Single Value 
Input
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Key Properties of Bayesian Networks

• Bayesian networks can encode causal 
direction, algebra cannot.

• Example: Newton’s Second Law of Motion

Bayesian Networks

BayesiaLab.com

F = m $ a
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Key Properties of Bayesian Networks

• Bayesian networks can encode causal 
direction, algebra cannot.

• Example: Newton’s Second Law of Motion

Bayesian Networks

BayesiaLab.com

“Mutationem motus proportionalem esse vi motrici impressæ, & eri
secundum lineam rectam qua vis illa imprimitur.”

“A change in motion is proportional to the motive force 
impressed and takes place along the straight line in which 
that force is impressed.”
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Limitations of Algebra: Newton’s Second Law of Motion

The New Paradigm: Bayesian Networks

BayesiaLab.com

Causal Interpretation 
Not PossibleCausal Assignment

“vi motrici impressæ”

“Mutationem motus”

solving for mass
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Key Properties of Bayesian Networks

• Bayesian networks can formally encode a causal direction*, algebra cannot.

The New Paradigm: Bayesian Networks

BayesiaLab.com

Algebra vs. Bayesian Network
Causal or non-causal? Causal!

*Applies to manually encoded networks



Bayesian Networks for Research, Analytics, and Reasoning

Introducing BayesiaLab
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The BayesiaLab Workflow

BayesiaLab.com

Mathematical Formalism  Research Software
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A desktop software for:

• encoding

• learning

• editing

• performing inference

• analyzing

• simulating

• optimizing

with Bayesian networks.



Introductory Example

Constructing a Model Without Data!



Knowledge Modeling & Reasoning Under Uncertainty

Where is my bag?Where is my bag?
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Travel Route: Singapore (SIN)  Tokyo/Narita (NRT)  Los Angeles (LAX)

Where is my bag?

BayesiaLab.com

NRT

SIN

LAX
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Where is my bag?

Tokyo
Narita
NRT Los Angeles

LAX
Singapore

SIN

?

 

80/20
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Scenario

• Luggage delivery starts onto the carousel.

• After 5 minutes, I still do not see my bag.

• What is the probability that I will still get my 
bag?

Where is my bag?

BayesiaLab.com
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Airport

BayesiaLab.com

Is my bag 
in there?
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Proposed Workflow

• Encode the available — albeit very limited —
knowledge into a Bayesian network.

• Use BayesiaLab to perform probabilistic 
inference given our observations.

Where is my bag?

BayesiaLab.com
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Bayesian Network

Where is my bag?
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50%



Coffee Break
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Geopolitical Reasoning

• Any references to potential adversaries, enemies, conflicts, 
hostilities, etc., are strictly for methodological illustration 
purposes.

• We are not expressing any opinions about the legitimacy of 
territorial claims in the South China Sea.

• All background information provided in this seminar is from 
publicly available sources.

• All numerical values shows are purely fictional.

• The problem domain is highly simplified for illustration purposes.

Caveat
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South China Sea Dispute

Hainan Island

Paracel Islands
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Hainan Island

Yulin
Naval Base

榆林海军基地
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Hainan Island

Yulin
Naval Base

榆林海军基地
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Jin-Class (Type 094) SSBN
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Hainan Island

Holiday Inn

Ritz-Carlton

Yulin
Naval Base

榆林海军基地
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Yalong Bay
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Fictional Mission

• An American Virginia-class (SSN 774 class) nuclear-powered attack submarine is 
on patrol to monitor the sea trials of a new Chinese Jin-class (Type 094) ballistic 
missile submarine (SSBN).

• The object of interest is based at Yulin (Sanya) Naval Base on Hainan Island.

Scenario

Jin-Class (Type 094) SSBN
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Mission Area
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Fictional Mission

• Planned duration: 4 days.

• No communication from 
submarine during mission to 
avoid detection.

Mission Area

• Divided into four quadrants.

• Approximately oval route.

• Submarine can adjust course as 
per operational requirements.

Scenario

II I

III IV

1

2

3

4
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Mission Area Considerations

• South China Continental Shelf

• Shallow, coastal waters 
(<100m)

• Deep water (>1000m)

Scenario
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Mission Area Considerations

• Hainan Island
Chinese territorial waters

• Paracel Islands
Chinese-claimed territorial 
waters

Scenario

Hainan Island
Chinese Territory

Paracel Islands
Chinese-Claimed 

Territory
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No signal from submarine
after day 4…
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•
•
•

•
•

•
•
•
•
•
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Undersea Rescue?

Should a search and rescue effort 
be launched?



Constructing a Model for Decision Support
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A model that can help us understand, think, reason, predict, and simulate.

Constructing a Model for Decision Support



103BayesiaLab.com

A model that can help us understand, think, reason, predict, and simulate.

Constructing a Model for Decision Support



104BayesiaLab.com

Reasoning with Theory

No Data!
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Key Considerations

• We need to encode how 
the “world works,” not 
how we reason.

• I.e., we are not building a 
decision tree!

Constructing a Model
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Proposed Approach for Decision Making

1. Domain Knowledge Encoding

2. Probability Elicitation

3. Cost/Utility Assessment

4. Inference & Optimization

Constructing a Model for Decision Support
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Proposed Approach for Decision Making

1. Domain Knowledge Encoding

2. Probability Elicitation

3. Cost/Utility Assessment

4. Inference & Optimization

Constructing a Model for Decision Support

Bayesia Expert Knowledge Elicitation Environment
BEKEE



Constructing a Model for Decision Support

Workflow Details
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1. Brainstorming & Model Construction

BayesiaLab.com

Qualitative
Network

Facilitator

Experts

• Variables of interest
• Causal relationships
• Variables of interest
• Causal relationships
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2. Knowledge Elicitation

BayesiaLab.com

BEKEE Server
BAYESIALAB

Quantitative
Elicitation

?

?

?

?Facilitator

Experts

Web Client
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3. Assignment of Cost, Values, and Utilities

Experts

$
$$
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4. Inference, Analysis, and Decision Optimization

BAYESIALAB

Final Network



Introducing the Delphi Method and the Bayesia Expert Knowledge 
Elicitation Environment (BEKEE)

Details on Knowledge Elicitation
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Examples

• Overconfidence

• Confirmation bias

• Framing effect

• Escalation of commitment

• Availability bias

• Illusion of control

• Anchoring bias

Motivation: Individual Biases

BayesiaLab.com
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Examples

• Groupthink (“toeing the line”)

• Social loafing (“hiding in the crowd”)

• Group polarization (“taken to the 
extreme”)

• Escalation of commitment (“throwing 
good money after bad”, “sunken costs 
fallacy”)

Motivation: Group Biases

BayesiaLab.com
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Interacting Groups

• Take the positive, e.g.

• Knowledge from a variety of sources

• Creative synthesis

• Prevent the negative, e.g.

• Groupthink (“toeing the line”)

• Social loafing (“hiding in the crowd”)

• Group polarization (“taken to the extreme”)

The Delphi Method

BayesiaLab.com

A CONSULTATION OF THE 
DELPHIC ORACLE:

THEMIS ON THE TRIPOD 
WITH KING AEGEUS, 

C. 440 BC
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Origins

• The original Delphi method was developed in 
the 1940s and 50s by Norman Dalkey of the 
RAND Corporation.

• The Delphi method was devised in order to 
obtain the most reliable opinion consensus of a 
group of experts by subjecting them to a series 
of questionnaires in depth interspersed with 
controlled opinion feedback.

The Delphi Method

BayesiaLab.com
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The Classical Delphi

• Interviews via questionnaires

• Anonymity of participants

• Iteration

• Controlled feedback

• Statistical aggregation

The Delphi Method

BayesiaLab.com
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“to solicit expert opinion to the 
selection, from the point of view of a 
Soviet strategic planner, of an optimal 
U.S. industrial target system...”

First Experimental Application

BayesiaLab.com
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“In view of the absence of a proper theoretical foundation and the consequent inevitability of 
having, to some extent, to rely on intuitive expertise—a situation which is still further 
compounded by its multidisciplinary characteristics—we are faced with two options: we can 
either throw up our hands in despair and wait until we have an adequate theory enabling us 
to deal with socioeconomic and political problems as confidently as we do
with problems in physics and chemistry, 
or we can make the most of an admittedly 
unsatisfactory situation and try to obtain 
the relevant intuitive insights of experts
and then use their judgments as
systematically as possible.”

Delphi Method Assessment

BayesiaLab.com
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Constructing a Model for Decision Support

BayesiaLab.com

Bayesian Networks

Delphi MethodDelphi Method

Objective Methodology Technology

Knowledge 
Discovery & 
Inference

Knowledge 
Elicitation

Source

Data

Theory

BAYESIALAB

BEKEEBEKEE



Encoding what we know…

Model Construction
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1. Brainstorming & Model Construction

BayesiaLab.com

Qualitative
Network

Facilitator

Experts

• Variables of interest
• Causal relationships
• Variables of interest
• Causal relationships
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Reasoning Concept

Model Construction
Mission 

(Not Observable)

USN Decision

PLA(N) Response Expected Mission 
Outcome

Utilities

USN Objective & 
Plan

Signals from Mission

Incident?
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Reasoning Concept

Model Construction
Mission 

(Not Observable)

USN Decision

PLA(N) Response Expected Mission 
Outcome

Utilities

USN Objective & 
Plan

Signals from Mission

Incident?
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Reasoning Concept

Model Construction
Mission 

(Not Observable)

USN Decision

PLA(N) Response Expected Mission 
Outcome

Utilities

USN Objective & 
Plan

Signals from Mission

Incident?



127BayesiaLab.com

Reasoning Concept

Model Construction
Mission 

(Not Observable)

USN Decision

PLA(N) Response Expected Mission 
Outcome

Utilities

USN Objective & 
Plan

Signals from Mission

Incident?
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Reasoning Concept

Model Construction
Mission 

(Not Observable)

USN Decision

PLA(N) Response Expected Mission 
Outcome

Utilities

USN Objective & 
Plan

Signals from Mission

Incident?
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Reasoning Concept

Model Construction

Ob
se

rv
at

io
na

l 
In

fe
re

nc
e

Causal 
Inference

Mission 
(Not Observable)

USN Decision

PLA(N) Response Expected Mission 
Outcome

Utilities

USN Objective & 
Plan

Signals from Mission

Incident?
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Mission Area
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Encoding the Mission

Model Construction
Position as a 

function of Timeline

to be elicited
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Encoding the Mission

Model Construction

to be elicited

Depth as a function 
of Position
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Encoding the Mission Dynamics

Model Construction

Territory as a 
function of Position

to be elicited
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Encoding the Mission

Model Construction

Incident as a function 
of Territory and Depth

to be elicited
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Encoding the Mission

Model Construction

Return as a function 
of Timeline and 

Incident

to be elicited
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Encoding the Mission

Model Construction

Crew Condition as a 
function of Incident
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Encoding the Mission

Model Construction

Crew Condition as a 
function of Incident and 

Incident Timeline
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Encoding the Mission

Model Construction

Emergency Signal as a 
function of
• Territory
• Incident
• Incident Timeline
• Crew Condition
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Encoding the Mission

Model Construction

Emergency Signal as a 
function of
• Territory
• Incident
• Incident Timeline
• Crew Condition
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Encoding the Mission

• We need to infer the 
unobservable variables 
from the observable 
ones:

• Time

• Return

• Emergency Signal

Model Construction

Not Observable
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Can’t we intuitively reason 
just the same way?

Model Construction
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Human Cognitive Limitations and Biases Under Uncertainty

Why is this so important?

Human Reasoning ≈ Normative ReasoningHuman Reasoning ≈ Normative Reasoning

Human Reasoning ≠ Normative ReasoningHuman Reasoning ≠ Normative ReasoningFallacies
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• 16 Influence Paths to 
Crew Condition:

Model Construction
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• One of the 16 influence 
paths:

Model Construction

So, can you do this 
is your head?
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Reasoning Concept

Model Construction

Ob
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rv
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Causal 
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Mission 
(Not Observable)

USN Decision

PLA(N) Response Expected Mission 
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Signals from Mission

Incident?
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Reasoning Concept

Model Construction
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se
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Causal 
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Mission 
(Not Observable)

USN Decision

PLA(N) Response Expected Mission 
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Signals from Mission
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Reasoning Concept

Model Construction

Ob
se

rv
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Causal 
Inference

Mission 
(Not Observable)

USN Decision

PLA(N) Response Expected Mission 
Outcome

Utilities

USN Objective & 
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Signals from Mission

Incident?
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Reasoning Concept

Model Construction

Ob
se

rv
at

io
na

l 
In

fe
re
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e

Causal 
Inference

Mission 
(Not Observable)

USN Decision

PLA(N) Response Expected Mission 
Outcome

Utilities

USN Objective & 
Plan

Signals from Mission

Incident?
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Lifted
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Modeling the Decision

Model Construction Decision Node
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Modeling the Decision

Model Construction

Utility Node
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Modeling the Decision

Model Construction

to be 
elicited
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Modeling the Decision

Model Construction
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Modeling the Decision

Model Construction
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Modeling the Decision

Model Construction

Utility Node
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Modeling the Decision

Model Construction
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Modeling the Decision

Model Construction

Utility Node

Decision Node
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Combining the Models

Model Construction

Ob
se

rv
at

io
na

l 
In

fe
re

nc
e

Causal 
Inference
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Finding the Optimal Decision

• Scenarios based on dummy data:

Model Construction

Day Emergency Signal Optimal Decision
5 TRUE 1
5 FALSE 1
6 TRUE 3
6 FALSE No Search
7 TRUE 2
7 FALSE No Search
8 TRUE 2
8 FALSE No Search
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2. Knowledge Elicitation

BayesiaLab.com

BEKEE Server
BAYESIALAB

Quantitative
Elicitation

?

?

?

?Facilitator

Experts

Web Client
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Assessment to be Performed:

2. Knowledge Elicitation

PLA(N) Detection Depth Territory

False

<500m
Chinese Territorial Waters

False

<500m Chinese-Claimed Territorial Waters

False

<500m
International Waters

False

>500m
Chinese Territorial Waters

False

>500m Chinese-Claimed Territorial Waters

False

>500m
International Waters

True

<500m
Chinese Territorial Waters

True

<500m Chinese-Claimed Territorial Waters

True

<500m
International Waters

True

>500m
Chinese Territorial Waters

True

>500m Chinese-Claimed Territorial Waters

True

>500m
International Waters

No Action Rescue Capture/H...
100.000 0.000 0.000
100.000 0.000 0.000
100.000 0.000 0.000
100.000 0.000 0.000
100.000 0.000 0.000
100.000 0.000 0.000

5.000 20.000 75.000
25.000 50.000 25.000
10.000 40.000 50.000

100.000 0.000 0.000
100.000 0.000 0.000
100.000 0.000 0.000
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Sign into BEKEE Server: bekee3.bayesialab.com

BEKEE Login

stefan.conrady@bayesia.us

1. Go to https://bekee3.bayesialab.com

2. Select Sign in with Bayesia



163BayesiaLab.com

Login Screen

Login:
bekeex@bayesia.us

Password:
BayesiaLab6

Replace x with 
your number
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Select Account

Select Account
Bayesia USA-SG
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Select Account

Double-click on Session
Submarine
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Select Account
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Select Account

Provide your estimates
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Select Account

Provide your confidence level
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Select Account

Add any comments

Click Validate
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Select Account

Add any comments

Click Validate
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Flow

Knowledge Elicitation
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3. Assignment of Cost, Values, and Utilities

Experts

$
$$
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4. Inference, Analysis, and Decision Optimization

BAYESIALAB

Final Network
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Concluding Remarks
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• January 8–10
New York City

• January 23–25
Cape Town, South Africa

• January 29–31
Pretoria, South Africa

• Feb. 27–28
Dubai, UAE

• March 19–21
Washington, D.C.

• April 3–4
Amsterdam
Netherlands

BayesiaLab Courses Around the World in 2019

Learn More & Register: bayesia.com/eventsLearn More & Register: bayesia.com/events
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Try BayesiaLab Today!

• Download Demo Version:
www.bayesialab.com/trial-download 

• Apply for Unrestricted Evaluation Version:
www.bayesialab.com/evaluation  

BayesiaLab Trial
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User Forum: bayesia.com/community
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North Carolina

7th Annual BayesiaLab Conference
North Carolina Biotechnology Center

October 10–11, 2019, Research Triangle Park, NC
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Thank You!
stefan.conrady@bayesia.us

linkedin.com/in/stefanconrady facebook.com/bayesia

BayesianNetwork


